Abstract: Traffic prediction is a critical task for intelligent transportation systems (ITS). Prediction at intersections is challenging as it involves various participants, such as vehicles, cyclists, and pedestrians. In this paper, we propose a novel approach for the accurate intersection traffic prediction by introducing extra data sources other than road traffic volume data into the prediction model. In particular, we take advantage of the data collected from the reports of road accidents and roadworks happening near the intersections. In addition, we investigate two types of learning schemes, namely batch learning and online learning. Three popular ensemble decision tree models are used in the batch learning scheme, including Gradient Boosting Regression Trees (GBRT), Random Forest (RF) and Extreme Gradient Boosting Trees (XGBoost), while the Fast Incremental Model Trees with Drift Detection (FIMT-DD) model is adopted for the online learning scheme. The proposed approach is evaluated using public data sets released by the Victorian Government of Australia. The results indicate that the accuracy of intersection traffic prediction can be improved by incorporating nearby accidents and roadworks information.
Introduction
In recent years, intelligent transportation systems (ITS) have developed around the world as part of smart cities, integrating various technologies like cloud computing, the Internet of Things, sensors, artificial intelligence, geographical information, and social networks [1] [2] [3] [4] [5] [6] [7] [8] . The innovative services provided by ITS can improve transportation mobility and safety by making road users better informed and more coordinated, which helps in addressing the transportation issues caused by the significant increase in city traffic in the past few decades.
Traffic prediction is one of the key tasks of ITS. It provides essential information to road users and traffic management agencies to allow better decision making. It also helps to improve transport network planning to reduce common problems, such as road accidents, traffic congestion, and air pollution [9] . The most complex part of the transport network comprises intersections [10] , where various parties, including vehicles, cyclists, and pedestrians, interact with each other. It is reported that 40% of car crashes in the United States occurred at intersections in 2008 [11] . Therefore, accurate traffic prediction at intersections is critical for maintaining the mobility and safety of transportation.
A significant number of studies have investigated the traffic prediction problem with the aim of increasing the accuracy and efficiency of predictions. There are two key challenges in the application of traffic prediction, especially at intersections. First, traffic prediction is a dynamic, nonlinear problem [12] . A distinguishing feature of traffic flow is the presence of recurrent patterns over time which is useful for traffic prediction models. However, there are also nonrecurring events, such as accidents or roadworks, which could significantly affect the accuracy of prediction. Therefore, incorporating real-time spatio-temporal information related to the nonrecurring events could aid in accurate traffic prediction. These events, along with the time and space variation patterns, require a nonlinear model [13] . There are also other factors that affect the linearity of traffic, such as the day of the week and peak hours; specifically, the traffic pattern changes depending on the time and whether it is a weekday or weekend. Second, scalability is a key requirement of traffic prediction, as it depends on a large amount of historical data as well as real-time data streams.
In this paper, we propose a novel approach to address the above challenges in intersection traffic prediction, in which multiple sources of data are analysed and integrated before being fed into the prediction model. Specifically, aside from the usual road traffic volume data taken from the sensors at intersections, we include the data sets of road accidents and roadworks to extract a new feature that describes whether there is an accident or roadwork event happening near the intersection. If so, we calculate the distance of the event from the intersection.
To incorporate multiple sources of data, we propose a scheme of batch learning. The scheme comprises an online phase and an offline phase. The offline phase is for model training. In this work, we adopt a type of nonlinear, nonparametric model, namely, the ensemble decision tree model, due to its advantages in terms of accuracy and scalability. In particular, three algorithms are used for training: Gradient Boosting Regression Trees (GBRT) [14] , Random Forest (RF) [15] , and Extreme Gradient Boosting (XGBoost) [16] . In the online phase, real-time data feeds of accidents and roadwork updates are taken in for preprocessing and feature extraction, based on which predictions can be made by the trained model.
In addition to the batch learning scheme, we propose an online learning scheme that aims to deal with real-time data streams from multiple sources. In this scheme, we adopt the Fast Incremental Model Trees with Drift Detection (FIMT-DD) algorithm [17] , which belongs to the category of incremental learning where the input data is continuously used to further train the model. The online learning scheme solves both traffic prediction challenges at the same time. On one hand, the model learns from real-time data continuously, such that it is able to adapt to the changes in traffic patterns and traffic conditions. On the other hand, it is a dynamic approach that learns from the training data gradually over time so that it avoids scalability problems such as the loading of a large amount of data that exceeds system memory limits.
For the purpose of evaluation, we use three real-world data sets collected in Melbourne, Victoria, Australia in 2014 that consist of intersection traffic volume data, accident data, and roadwork data. Based on the data sets, we compare the proposed approach with existing methods, and the results show that the proposed approach can improve the accuracy of traffic prediction at intersections.
The rest of this paper is organised as follows. In Section 2, the related work is presented. Then, Section 3 describes the data sets used in this work and the feature selection process. Following this, Section 4 discusses the proposed methods. The results and a comparative analysis of the proposed methods are given in Section 5. Finally, the conclusion and future work are given in Section 6.
Related Works
The traffic prediction problem can be classified into two types, namely short-term prediction and long-term prediction. Short-term prediction forecasts traffic conditions in the near future depending on the past and present traffic information. The horizon of a forecast is a few minutes long. In contrast, long-term prediction aims to provide forecasts of the traffic conditions over longer time durations, such as years. It is mostly employed in the planning of a transportation system. In this study, we focus on the problem of short-term traffic prediction.
Traffic modelling for short-term traffic prediction can be divided into parametric methods and non-parametric methods, in general. For parametric methods, we need to identify a well structured but flexible family of models and estimate the model parameters based on the training data. The model can be then used for forecasting. A popular modelling method used in traffic prediction is the Auto-Regressive Integrated Moving Average (ARIMA) [18] . Some improvements of ARIMA have been proposed to enhance its performance and efficiency. For example, Lee et al. [19] proposed a subset ARIMA model for freeway traffic volume prediction; Williams et al. [20] provide a theoretical and empirical analysis of a seasonal ARIMA method; and Min et al. [21] introduced a space-time ARIMA model for urban traffic forecasting. Asif et al. [22] proposed a Support Vector Regression (SVR) method using spatiotemporal features for traffic speed prediction, where every road segment on the Interstate 205 in Portland, Oregon, USA was considered to investigate the spatial correlations in the traffic of the freeway. Although the SVR method achieves good accuracy results, it requires significant computation time [23] . Zhan et al. [24] presented an ensemble model based on ARIMA, SVR, Partial Least Squares, and Kernel Ridge Regression.
Non-parametric methods have also been widely adopted for predicting traffic flow, as they are considered to be more suitable than other methods for capturing the nonlinear and stochastic nature of traffic flow. Clark et al. [25] used the k-Nearest Neighbour (kNN) method for one-step-ahead traffic prediction based on London orbital motorway data. Zhao et al. [26] proposed a fourth-order Gaussian Process Dynamical Model (GPDM) with weighted kNN for traffic flow prediction. Dell'Acqua et al. [27] proposed the Time-Aware Multivariate Nearest Neighbor Rule (TAM-NNR) method that incorporates time-of-day awareness. The drawback of the kNN-based methods is that they require significantly longer computation time as the data size increases. Chen et al. [28] presented a Radial Basis Function (RBF) neural network model based on a modified Artificial Bee Colony (ABC) algorithm for optimised traffic prediction in the big data environment. Lv et al. [9] proposed a deep learning approach for traffic flow prediction with big data, in which they considered the nonlinear correlation between spatial and temporal features. Xu et al. [29] proposed a Bayesian Multivariate Adaptive Regression (MAR) method for accurate and interpretable traffic prediction. The above neural networks and Bayesian MAR methods can achieve high accuracy in traffic prediction, but they also introduce very high computational costs, especially when processing large data sets.
Decision tree models are widely used to solve machine learning problems due to their simplicity and understandability [30, 31] . Ensemble decision trees were developed to increase the performance of decision tree models by combining multiple weak predictors to obtain more accurate predictions. Zhang et al. [14] used the GBRT method to improve travel time prediction. However, a limited number of studies have investigated the effectiveness of ensemble decision tree models for traffic prediction. Some preliminary results of this work are reported in Ref. [32] . In the current paper, we extend the exploration of several popular ensemble decision tree methods (i.e., GBRT, RF, XGBoost) for traffic prediction based on multiple data sources.
In terms of the learning scheme, the aforementioned studies simply adopted the batch learning scheme, i.e., models are trained upon the entire data set at once. Another type of learning scheme is online learning, where data becomes available in a sequential order, and models are updated at each step continuously. Only a limited number of studies have considered the use of online learning in the traffic prediction problem. Castro-Neto et al. [33] proposed an online SVR method that is able to handle typical and atypical traffic conditions. The method was further improved in Ref. [34] by adding weights for incoming samples. Wibisono et al. [17] applied the FIMT-DD method for traffic prediction and visualisation. In this work, we extend the FIMT-DD method by integrating accident and roadwork data with the normal traffic volume data for the purpose of accurate traffic prediction at intersections.
Similar to other machine learning application domains, such as Malware detection [35] [36] [37] , fingerprint matching [38, 39] , and behaviour modelling [40] [41] [42] [43] , the deployment of traffic prediction models in the real world requires extra caution to be taken with data security and privacy issues, especially in distributed computing scenarios where multiple parties are involved in data processing. In such cases, the privacy preserving schemes for machine learning should be considered [44] [45] [46] [47] [48] [49] .
Data Integration and Preprocessing

Data Sets
To achieve accurate traffic prediction at intersections, we made use of multiple data sources in this work. These data sources are publicly accessible from the VicTraffic web application maintained by VicRoads [50] and the Victorian Government Data Directory maintained by the State of Victoria in Australia [51] . In particular, we used complete data collected within 2014. A summary of the data sets is given in Table 1 . The first source of data was the intersection traffic volume data set which consists of sensor data collected in Melbourne, Victoria, Australia (as shown in Figure 1a ). This data set covers more than 4598 traffic signals across Melbourne and some suburban areas. The sensors installed at the traffic signals can provide real-time traffic volume at the intersections. For each sensor, the data stream was aggregated into 96 bins for each day with 15-min time intervals. A subset of the original data set that covers the Melbourne Central Business District (CBD) was used in our study (as shown in Figure 1b) . From this data source, we extracted the following features: date, time, traffic volume, the day of the week, day or night, peak hour or not, and sensor locations. The second source of data was the accident data set which consists of several attributes, such as accident ID, location coordinates, road number, date, time, and accident type (i.e., whether it is a collision with a fixed item, or a collision with another vehicle, or a collision with a pedestrian). The data set also includes the condition of the road surface (i.e., whether it is dry or wet) and the weather conditions (i.e., whether it is raining, or there is a strong wind, or it is clear). From this data source, we extracted the following features: accident type, date, time, and location coordinates.
The third source of data was the roadwork data set which consists of the following attributes: location coordinates, type of work (i.e., construction or maintenance), work starting date and time, and work ending date and time. From this data source, we extracted the following attributes: type of work, location coordinates, starting and ending date and time for roadworks.
We integrated the above data sources to obtain the input data set for our learning schemes. For each intersection, we identified the events (i.e., accidents or roadworks) that happened within a distance of 500 m based on the location coordinates from different data sources. Then, we calculated the distance from each event location to the intersection location. This distance was added as a new attribute to the data set.
Features Selection
In this section, the selected features used in our research are explained. Feature selection is an important task for the success of a model. Different features have different influences on the prediction results.
•
The day of the week: The feature was selected because lots of existing studies have shown that traffic patterns differ on different days of the week.
• Weekend/weekday: Set to 1 if the day is on the weekend; set to 0 otherwise. The feature was selected because the traffic patterns during weekends are usually different from those during weekdays.
• Peak/Off-Peak: Set to 1 if the time is between 6:00 and 13:00 h; set to 0 otherwise. The feature was selected because the traffic patterns during peak hours are usually different from those during off-peak hours.
• Event Distance: As discussed above, traffic patterns change if a nonrecurring event, such as an accident or roadwork, occurs. One of the key contributions of this study is introducing this feature into the process of traffic prediction at intersections. The distance was calculated using the Haversine distance function in Python to find the distance between two coordinates. The value of this feature was 0 if there was no event within 500 m, 1 if the distance was 0-199 m, 2 if the distance was 200-299 m and 3 if the distance was 400-500 m. Figure 2 shows the number of events within 500 m in a subset of intersections in our data set.
• Time: Clock time was used as a feature after converting it into float:
• Day/night: This feature distinguishes whether the time is day time or night time. 
Proposed Methods
Batch Learning
In this section, we introduce the batch-based prediction methods that were used in this study for traffic flow prediction. We propose a two-phase prediction method, as shown in Figure 3 . The first phase is the offline phase; in this phase, ensemble decision tree models for prediction are proposed. Ensemble decision tree models were built with different voting methods to select the most popular target label [15] . Ensemble decision tree models combine weak learners to produce a powerful model using one of two methods: boosting or bagging. The gradient boosting trees, GBRT and XGBoost, are two ensemble trees that use boosting, whereas the Random Forest (RF) is an example of an ensemble tree method that uses bagging. The second phase is the online phase; in this phase, real time information feeds in from the traffic condition website and updates the road's condition where there is an event, whether it is near the intersection or not. To address the traffic prediction challenges, this method uses nonlinear, nonparametric prediction models in addition to real time updates in the online phase. Moreover, the XGBoost scalable ensemble method for regression is proposed to address the scalability challenge. In the following section, the proposed methods are explained.
Gradient Boosting Regression Trees
The Gradient Boosting Regression Tree model [14] was used in this study to predict the traffic volume at intersections. For a training data set D = {x i , y i }, i = 1, 2, .., d where d is the number of samples, and each sample consists of m features, an approximation F(x) was used to estimate the approximation function by computing the squared error using Equations (2) and (3):
For each regression tree, the input space was divided into M regions m 1 , m 2 , ..., m M , and for each region, a constant value p m was predicted. Thus, the output (h m (x)) for the input x could be calculated using Equation (4):
where I = 1 if x ∈ m i ; otherwise I = 0, p ik is the value predicted for the region m i . By applying the training data [y i , x i ] N 1 , GBRT iteratively formed M various single regression trees (h 1 (x) , ..., h k (x)). The following equations describe the updating approximation function (F k (x)) and gradient descent step size (r k ):
To modify the model to allow it to choose an optimal value (y ik ) for each of the tree's regions, m i , p ik was simply ignored. Therefore, Equation (3) was modified as follows:
GBRT uses the stage-wise approach to build the model. At each alteration, the model is updated by minimising the loss function value. In addition, GBRT uses a shrinkage strategy to avoid over-fitting. A learning rate is used for this purpose, where the output of each tree model is scaled by using a value between 0 and 1, as explained in Equations (9) and (10):
The best shrinkage is obtained when the v value is small. It is used to reduce the loss function at each iteration in order to avoid over-fitting. However, using a small learning rate value could increase the number of trees. The maximum level of the tree (i.e., depth of the tree) is another parameter that needed to be determined. It represents the number of splits and the complexity of a tree. By increasing the depth of the tree, the performance of GBRT is enhanced, because the interactions between features increase. Therefore, to ensure optimal performance of the GBRT, the tree complexity and learning rate values have to be chosen carefully based on the evaluation of the results obtained using the test data set.
Random Forest
The second type of ensemble learning method used based on the decision tree was Random Forest (RF). The procedure of this method can be summarised as follows [15] :
• Input: An n-dimensional vector (x).
• Output: A predictor (y).
•
Step 1: Bootstrap sampling. In this step, the RF selects a random number of data points with replacement to generate a new training set. Unselected examples are marked as out-of-bag (OOB).
Step 2: Decision tree generation. A fully grown decision tree is constructed in this step using the training set without pruning. At each node split, the best feature set from a random number of features subsets is selected until there are no more splits.
• Repetition:
Step 1 and step 2 are repeated until C number of trees is reached.
Step 3: C output values are aggregated to obtain the final output (y) by taking the mean of the output values of all the generated trees, as described in Equation (11):
where x is the set of input samples, and h j (x) is the output of the jth tree .
XGBoost
XGBoost [16] is a scalable learning system that has a recognised impact in solving machine learning challenges in different application domains. The speed of XGBoost is much faster than that of common machine learning methods, and it can efficiently process billions of data in a parallel and distributed way.
Several algorithmic improvements and the ability to handle sparse data are other features of this model. Sparse input is common in many real-world problems due to several reasons, such as missing data and multiple zero values. Therefore, sparsity-aware data is an important feature that should be included in the algorithm. XGBoost provides this feature by visiting non-missing data only. For the missing data, the algorithm adds the default direction to each tree node; if the value is not provided in the sparse matrix, the input is classified into the default direction. The optimal value of the default direction is learnt from the data. This improvement makes the algorithm faster by making the computation time linear to the number of missing data. The second feature for XGBoost is using column block for parallel learning. XGBoost uses a memory unit called block to store data in a compressed column format. Each column is sorted according to the feature values.
Online Learning
The main disadvantage of batch learning methods is that they require the whole data set to be available in the main memory or the hard disk. The drawbacks appear when the size of the data is large, and also when a long time period is needed to collect the data. In addition, if the data is dynamically changing, then the probability of concept drift occurring will increase. As is clearly shown in Figures 4 and 5 , there are variations in traffic patterns when an accident or roadwork appears. To demonstrate this, we first divided the final data set into two parts based on event occurrences. For both parts, we then calculated the average traffic volume per hour for seven days. We found that traffic decreased from normal levels on all days, especially during hours six to thirteen, when the events occurred. In the batch learning scheme, we introduced online updates about events. However, if a new event that was not in the training data set appeared, it caused a prediction error. Therefore, due to this dynamic traffic problem, an incremental learning model was deemed to be useful. With this model, training and learning are done in the same phase, and the model itself is updated for each new example. In this paper, a Fast Incremental Model Tree with Drift Detection (FIMT-DD) is proposed for online traffic prediction using multiple sources of data from sensors installed in intersections as well as accident and roadwork data.
Initially, the algorithm begins with an empty leaf. It then reads the examples coming in sequence based on the arrival time. Following this, the attributes are divided based on the split criterion explained in the next section. If a change is detected, then the model will update and adapt to the change. The following sections present the related details [17] .
Split Criterion: There are several techniques that may be used to implement the split criterion To find the best attributes in the samples, the Hoeffding bound is used. In FIMT-DD, incremental standard deviation reduction (SDR) is employed. For example, if the data set is S with size M, the data will be split into two subsets by kA of attribute A. These two sets will be SL and SR, and they will have sizes ML and MR, respectively. The following formulas were used:
From Equations (15) and (16), it can be observed that the number of instances of passing leaf nodes and the values of y and y 2 , which are the predicted attributes, are maintained by this algorithm. Moreover, R is a real-value random variable within the range of 0 and 1. Given that LA and LB represent the best possible splits of attributes A and B, respectively, real numbers r 1 , r 2 , ..., r n can be used to represent the r value for each stream. The high confidence interval of the mean random variables can be found by the Hoeffding bound probability, which can be used to find 1 -δ, the average of the random sample of N variables with range R and distance ε. The following formula can be used to calculate ε:
Numerical attributes: The FIMT-DD algorithm employs the Extended Binary Search Tree (E-BST) model. This assists in the online sorting sequence process. E-BST achieves this by incorporating two arrays of three elements. One of the arrays is used to reserve the statistics to differentiate the values, thereby determining whether they are less than or equal to the key. In addition, it determines various aspects, with the structures incrementally updated at a new leaf.
Linear models in leaves: The weights in the FIMT-DD algorithm are updated at every instance in the streams. These weights are enclosed by the parameters, which are from the perceptron and are given in the form of a linear equation.
Results
Features Importance
First, we evaluated the importance of our features for each prediction model. From Table 2 , we can see event distance represented 24% of the total features for the GBRT and 22.37% for the XGBoost model. However, it was only 16.36% for RF as RF selects the features randomly; therefore, the value is lower. In addition, the time feature was 38.36% for GBRT and 15.1% for RF and 46.9% for XGBoost, respectively. Moreover, the day of the week feature was 24.4% for GBRT, 2.63% for RF, and 26.78% for XGBoost. Another feature was whether the day was a weekend or a weekday; the importance levels of this feature were 40.3% and 4.2%, 0.1% for GBRT, RF and XGBoost, respectively. The next feature was the time of the day (whether it was night or day time) with the results showing 9% for GBRT, 61.7% for RF, and 1.76% for XGBoost. Finally, the least important feature for all models was whether the time was during peak hours or not, with the results being 1.07%, 0.001%, and 2.17% for GBRT, RF, and XGBoost, respectively. Each method has a different way to choose the data points for training, for example, RF selects the data points randomly. We conclude that adding the event distance feature can increase the accuracy of traffic volume prediction when an event such as an accident or roadwork occurs near an intersection. 
Model Comparison
In the following section, we compare the accuracy of the proposed methods in two parts: first, using batch learning methods and second, using online learning methods. The prediction models used for batch learning were those provided in the Scikit-learn machine learning package [52] and the XGBoost package [53] . Regarding the FIMT-DD model for online leaning, we used the Moa package [54] . All the experiments were conducted using a computer with Intel Core i7 and 8 GB RAM.
For the evaluation, ten-fold cross-validation was used. We used two metrics for the performance evaluation, the Mean Squared Error (MSE) and the Mean Absolute Error (MAE). The metrics were calculated using the following equations, whereȲ is the estimated output and Y is the ground truth:
Results of Batch Learning Methods
We compared the accuracy of the XGBoost, GBRT, RF, RT and SVR methods using the MSE and MAE. Two types of comparisons were made: First, we compared the error rates for the prediction methods; second, we compared the error rates for all methods when using features from sensors only and when we used accident and roadwork data with the sensor data. From Figure 6a , we identified two types of results: First, we compared the error values of the different methods and examined whether the new feature improved the prediction accuracy. To set the parameters of the models, several values were examined. The best accuracy was obtained when we set the following parameters: For all decision tree models, the tree depth was 4, and for the GBRT, the number of estimators was 100 and the learning rate was 0.1. We found that the MSEs for the SVR, RT, GBRT, RF, and XGBoost approaches were equal to 0.6474, 06807, 0.6721, 0.6874 and 0.6721, respectively, when only the sensor data were used. However, the accuracy was improved by different degrees when the event data were integrated with the sensor data, where the MSEs for the SVR, RT, GBRT, RF, and XGBoost methods were equal to 0.6272, 0.6754, 0.6535, 0.6776 and 0.6534 respectively. In summary, the best MSE was reported for SVR when the event data were added, followed by the XGBoost and GBRT.
The next metric was the MAE, as shown in Figure 6b , where the prediction model errors were 1.4420, 14383, 1.4281, 1.4405 and 1.4300 for the SVR, RT, GBRT, RF, and XGBoost methods, respectively. These values became 1.3637, 1.3446, 1.3095, 1.3605 and 1.3094, respectively, when the events data was included. We concluded that XGBoost has the best accuracy, followed by GBRT.
Finally, we evaluated and compared the accuracy of the proposed methods using different sized data. The traffic data were generated continuously, so they had a high volume. Therefore, this experiment needed to examine the efficiency levels of the methods when the number of samples was incremently increased. Figure 7 shows that the proposed methods recorded varying time complexities when the size of the input data increased. In the evaluation, we used a number of samples (n) from 20,000 to 640,000 to investigate which method had a consistent time rate when the volume of data was increased. Three methods required less than 1 second, with a slight difference between them when the volume of data was equal to 20,000. However, when the volume of the data was increased to 80,000, the difference was noticeable, as the time needed for the GBRT increased, reaching nearly 40 s when the data size increased to 460,000. However, the time required by XGBoost increased when the number of samples was greater than 32,000, In summary, the results illustrate that RF requires less time than XGBoost when the number of samples is large. However, XGBoost has better accuracy and good time complexity. On the other hand, GBRT requires more time if the data set is large. 
Results of Online Learning Methods
This section presents the evaluation using the online learning method FIMT-DD for traffic flow prediction. In addition, this section conducts a comparison between the batch learning methods discussed in Method 1, Section 2.5, and the FIMT-DD method using two metrics: the Mean Absolute Error (MAE) and the Mean Squared Error (MSE). First, Figure 8 shows the values of MSE during the learning and prediction process, where each unit in the graph represents 5000 examples as the size of the window. The figure clearly shows the importance of using event data to decrease the prediction error. We can also see that the error starts high and then decreases. When the new, unseen examples appear, the error begins to increase. After updating the model, it decreases again. This is due to its ability to process the concept drift and update the model incrementally. The same scenario is apparent in Figure 9 , which shows the results of MAE. Second, Figure 10a illustrates the comparison between the ensemble models, GBRT, RF, and XGBoost, and the FIMT-DD method. It is clearly shown that the FIMT-DD method is less prone to error than the other methods, as it reports that the MSE is 0.774 without using event data, and it is significantly reduced to 0.1089 after including the event data. Moreover, another comparison to MAE is shown in Figure 10b , where the value of the error is 0.63 without using event data, and it reduces to 0.23 after using event data. The results indicate that the FIMT-DD method outperforms the GBRT, RF, and XGBoost learning methods. In addition, it requires only 1.135 s of training and testing to process one year of data. We conclude that the online learning method should be recommended for traffic flow prediction due to the dynamic changes in traffic patterns when events are occurring. In addition, as the method uses a type of data stream processing that is done online, there is no need to store the whole data set in active memory, which helps to solve the scalability issue.
Conclusions
Accurate traffic prediction is important for intelligent transportation systems and smart cities. In this paper, the particular problem of traffic prediction at intersections in city centers is investigated. Based on the fact that accidents and roadworks will affect traffic patterns significantly at intersections, a novel approach for intersection traffic prediction was proposed which involves incorporating multiple sources of data for model training. In particular, this uses accident and roadwork data in addition to traffic volume data. Three ensemble decision tree algorithms (i.e., GBRT, RF, and XGBoost) were adopted to train the prediction model in a batch learning style. In addition, an online learning scheme was proposed, in which the FIMT-DD algorithm is adopted to update the model in real time. Real-world data sets collected from Melbourne, Victoria, Australia were used in the evaluation, and the results show the effectiveness of the proposed methods in reducing the prediction error, especially for the online learning scheme. In future work, we plan to explore an ensemble model of FIMT-DD as well as the distributed traffic data processing framework for vehicular networks.
